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ABSTRACT

Thedigitizationofhumanbody,especiallyfortreatmentofdiseasescangeneratealargevolumeof
data.Thisgeneratedmedicaldatahasalargeresolutionandbitdepth.Inthefieldofmedicaldiagnosis,
lossless compression techniques are widely adopted for the efficient archiving and transmission
ofmedicalimages.Thisarticlepresentsanefficientcodingsolutionbasedonapredictivecoding
technique.TheproposedtechniqueconsistsofResolutionIndependentGradientEdgePredictor16
(RIGED16)andBlockBasedArithmeticEncoding(BAAE).Theobjectiveofthistechniqueisto
finduniversalthresholdvaluesforpredictionandprovideanoptimumblocksizeforencoding.The
validityoftheproposedtechniqueistestedonsomerealimagesaswellasstandardimages.The
simulation results of the proposed technique are compared with some well-known and existing
compressiontechniques.Itisrevealedthatproposedtechniquegivesahighercodingefficiencyrate
comparedtoothertechniques.
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1. INTRodUCTIoN

Incurrenthealthcarepractices,standardmedicalimagingsystemsareusedformedicaldiagnosis.
Withtheadvancementindigitalandscanningtechnologies,thesemedicalimagingsystemshave
becomeanimportantpartofthediagnosticsystems.Thesesystemsproduceaccurateimagesofhigh
qualitywithhighresolutionandbitdepths.Suchimprovementinimagingsystemsproduceslarge
amountofmedicaldatatobeprocessed,archivedandtransmitted.Duringpastfewdecades,enormous
amountofdigitalimagingdatawasgenerated,especiallyinbiomedicalfield.Thevolumetricscanning
technologies,suchasComputedTomography(CT)andMagneticResonanceImaging(MRI)generate
largenumberofimageframesandrequirehugeamountofspaceforstorage.Theseimageframes
consumemorebandwidthfortransmission.Itisacomplextasktohandletransmission,archivingand
managethedataproducedduringradiologicalprocess(Ravishankar&Bresler,2011;Bhardwaj,2017).
Thesefactsmotivatetheresearchintheareaofefficientcompressiontechniquesforhighresolution
andhigherbitdepthimages.Theaimofimagecompressionistoremoveredundantorirrelevantdata
fromtheimagesuchthatitcouldbestored,transmitandprocessedeffectively(Williams,1991;Bell
etal.,1990).Further,thecompressiontechniquesarebroadlydividedintotwocategoriesi.e.lossless
andlossy.Butinthefieldofmedicaldiagnosis,losslesstechniquesarewidelyadoptedbecausethe
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dataisnotlostduringrecoveryprocess.Ontheotherhand,lossytechniquedoesn’tprovideaccurate
recovery at the receiver side andmay lead towrongdiagnosis (Al-Khafaji, 2013;Al-Khafaji&
Ghanim,2017;Kabir&Mondal,2018).

Inliterature,differentcompressiontechniqueshavebeenreportedformedicaldiagnosissuch
asdictionaryencoding,transformationencodingandpredictiveencodingtechniques.Itisnotedthe
transform-basedstandardscannotprovidehighercompressionrate(Al-Khafaji&Ghanim,2017).
ThesestandardscontainDiscreteCosineTransform(DCT)andDiscreteWaveletTransform(DWT)
for compression.Other side, predictivebasedcompression techniquesperformwell andprovide
highercompressionratewithlowcomplexity(Guptaetal.,2013).Thejointphotographicexperts
group-lossless(JPEG-LS)(DIS,1991;Pennebaker&Mitchell,1992;Weinbergeretal.,2000)and
context-based,adaptive,losslessimagecoding(CALIC)arestandardpredictivecodingtechniques
forlosslesscompressionofmedicalimages(Wu&Memon,1997).TheJPEG-LSisbasedonlow
complexitylosslesscompression(LOCO-I)algorithmusingstandardmedianedgedetector(MED)
andgolombcode(Weinbergeretal.,2000;Matsudaetal.,2000).While,CALICtechniqueconsistsof
twomechanisms,oneisusedforpredictionandotherisappliedforimageencoding.Thepredictionis
donethroughgradientadjustpredictor(GAP)andimageencodingisperformedbyusingarithmetic
encoding. It is noticed that GAP predictor is more efficient than MED, but, is computationally
extensive(Avramovic&Savic,2011).So,theCALICismoreefficientthanJPEG-LSintermsof
BitsperPixel(BPP).Manyresearchershaveworkedonpredictivecodingtechniquesandadopted
losslesscompressionformedicalimages.

Manyresearchershaveworkedonpredictivecodingtechniquesandadoptedlosslesscompression
formedicalimages.AvramovicandSavicdevelopedapredictivealgorithmbasedonedgedetection
andlocalgradients(AvramovicandSavic,2011).Inthiswork,thestrengthsof2Dstandardpredictors
areanalyzed.TheanalysisshowedthattheGAPpredictorperformswellformedicalimages.Al-
Mahmood&Al-Rubayeadoptedacompressionmethod that isbasedonacombinationbetween
predictivecodingandbitplaneslicingforcompressionofmedicalandnaturalimagesamples(Al-
Mahmood&Al-Rubaye,2014).Thiscompressiontechniquediscardsthelowestorderbitsandexploits
onlyhigherorderbitsinwhichmostsignificantbitusedpredictivecoding.Anithaproposedahybrid
techniquethatcombinesintegerwavelettransforms(IWT)andpredictivecodingtechniquetoimprove
theperformanceof losslesscompression(Anitha,2015). IWTisapplied to input imagesamples
andpredictivecodingwasappliedtotheoutputofIWT.Entropyandcompressionratioareusedto
evaluatethecompressionperformance.Guptaetal.highlightedtheprediction-basedcompression
andcombinedthispredictivecodingwithIWTforachievingbettercompressionratio(Guptaetal.,
2013).PerformanceresultsofproposedtechniqueintermsofBitsperPixel(BPP)andPeakSignal
toNoiseRatio(PSNR)isbetterachievedbyproposedtechniqueascomparetoexistingJPEG2000.

In current scenario, advanced scanning techniques (MRI and CT) are applied for medical
diagnosis. These techniques have higher bit depth images with improved image quality. This
researchworkpresentsanefficientcodingsolutionbasedonpredictivecodingtechniqueforlossless
compressionofhigherbitdepthvolumetricmedicalimages.Theproposedapproachisthecombination
ofResolutionIndependentGradientEdgeDetector16(RIGED16)andtheBlockAdaptiveArithmetic
Encoding(BAAE).Theproposedalgorithmselectsanoptimumuniversalthresholdforprediction
andanoptimalblocksizeofresidualimageforencodingpurpose.Theexperimentalresultsshowthat
theproposedalgorithmachieveshighercompressionperformanceascomparedtostandardlossless
compressionapproaches.Restofthepaperisarrangedasfollows.Section2describesthedataset
exploredforthisworkandgeneraloverviewofpredictivecodingtechniques.Insection3,RIGED16
andBAAEareproposedforlosslesscompressionof3Dsetsofmedicalimagesofdifferentmodalities
andresolutions.Section4presentsdifferentperformanceparametersusedforevaluationofproposed
technique.Theexperimentalresultsaredemonstratedanddiscussedinsection5.Theconclusionof
thisworkisgiveninsection6.
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2. MATERIALS ANd METHodS

2.1 dataset
Asetofmedicalimages(MRIandCT-scan)arecollectedfromthreedifferentsourcesfortesting
andcomparativeanalysisoftheproposedalgorithm.Allcollectedimagesareof16bitdepth.The
MRIandCTimagesareusually12to16bitsdeeptocoverthemaximumdepth,butresearchershave
utilizedall16bitdeepimages.ThelosslesscompressionalgorithmforMRandCTisdesignedtowork
withdatathatisnativelyof16bitdepth.TestsetIisastandarddatabasecontains16bitimagesof
differentimagemodalities(CTorMR)andresolutionsof256×256and512×512presentedinTable
1.ThemedicalimagespresentedinTable1belongtoCancerImagingArchive(TheCancerImaging
Archive,2017;Clarketal,2013).Table2presentsTestset-II.Thistestsetiscollectedfromdifferent
localhospitalsincludingMRandCTimagesofdifferentresolutions.Imageslice-1ofvolumetric
MRI_1andCTsetcollectedfromhospitalsarealsodepicted(Figure1).

2.2 General overview of Predictive Coding Technique
Thecorrelationbetweenadjacentpixelsin2Dimageisameasureofspatial(interpixel)redundancy.
While,correlationofpixelsinadjacentimageslicesof3Dimageistemporal(interframe)redundancy.
Inpredictivecompressiontechnique,spatialredundancyisremovedby2Dpredictorsandstatistical
redundancy is removedbyentropyencoders (Al-Khafaji&Al-Mahmood,2016).Predictionand
entropyencodingare twomajorstepsofpredictivecodingfor losslesscompressionofan image
(Shridevi&Vijaykumar,2012)asshowninFigure2.

Inpredictivecodingtechnique,everypixelofanimageispredictedindividuallyfromthecontext
inrasterscanformat.Afterprediction,residualimageisobtainedbytakingdifferenceoforiginal
imageandpredicted imageas shown inFigure2.Residual imagehas lessentropy;hence fewer
numbersofbitsareusedtoencodetheresidualimage.Entropyencoderisappliedtoencoderesidual
imagetocompressimagelosslessly.Efficiencyofpredictordependsonhowwellitpredictstheimage

Table 1. Test Set-I: standard dataset composed of CT and MR images of different resolutions

Sequence Resolution Slices Bits

CT_Lung_R13(Groveetal,2015) 512×512 67 17563648

CT_Lung_R4(Groveetal,2015) 512×512 68 17825792

MR_Neuro(Barboriak,2015) 256×256 176 11534336

MR_Breast(Meyer,2015) 288×288 60 3932160

Table 2. Test Set-II: collected from local hospitals composed of CT and MR images of different resolutions

Sequence Resolution Slices Bits

MR_1 512×512 12 3145728

MR_2 512×512 20 5242880

MR_3 256×512 11 720896

MR_4 512×512 20 5242880

MR_5 512×512 20 5242880

MR_6 256×256 40 2621440

MR_7 256×256 20 1310720

CT 512×512 63 16515072
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resultinginreducedentropyofresidualimage,lessertheentropybetterwillbethepredictor.Entropy
encoder’sefficiencydependsuponitsabilitytoreducecodelength.

2.2.1 2D Predictors
2Dpredictorremovestheinterpixelredundancyfromthe2Dimagesandalsofor3Dcompression
processofvolumetricimage,operatinginframebyframebasis.Commonschemeforlabelingof
causalneighborsin2DpredictorsisshowninFigure3.

Pixelsincausaltemplatearedenotedas:

Figure 1. a) 1st slice of MRI_1; b) 1st slice of CT
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MEDandGAParetwobenchmarkalgorithmsusedtominimizetheentropyofimages.JPEG-LS
consistsMEDpredictorwhichselectsthemedianvalueamongneighboringpixelsN,WandW+N-
NWissimpletoimplement.GAPisbasedonthegradientestimationandformapartofCALIC.GAP
isfixedthreshold-basedpredictorandadaptsitselftotheintensitygradientsofimmediateneighbors
ofpredictedpixel.TheGEDpredictoristhecombinationofMEDandGAPandtakestheadvantage
ofboththestandardpredictors.Ituseslocalgradientestimationbasedonthreshold(T)valueasthat
ofGAPandlikeMED,itselectsmedianvaluebetweenneighboringpixels(Shridevi&Vijaykumar,
2012).Itisalsothresholdbasedthatisuserdefined(Avramovic&Savicl,2011).

Theentropyencoderisapredictivecodingtechniquethatconvertstheresidualimageintoabit
streamoflowentropy.Thenumberofbitsrequiredforencodingtheinformationdependsonentropy.
Thesmallervalueofentropyleadstolessnumbersofbitsrequiredforencodingandinturngethigher
compressionratio.ThedifferentencodingschemeslikeHuffman,Run-length,Dictionary,Arithmetic
andBit-planecodingarealsopresentedinliterature(Anitha,2015).

Figure 2. Basic diagram of predictive coding technique

Figure 3. Common scheme of causal template for labeling neighbors
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3. PRoPoSEd METHodoLoGy

3.1 Block Adaptive Arithmetic Encoding (BAAE) Employing RIGEd16 Predictor
The2Dpredictorcontainsauserdefinedthresholdwhichmakesitssimpleandefficient.Theprediction
ofanimagethroughGEDpredictorisbasedonthresholdvalue.Thechoiceofoptimalthresholdisvery
importantforefficientprediction.Inliterature,nospecificvalueforthresholdisdefined;thedifferent
valuesareusedasthreshold.Thisworkfocusesontheselectionofanoptimalthresholdvaluethat
doesn’tdependuponthenatureofimage.Moreover,itisapplicableforallmodalityandresolutionof
medicalimages.TheRIGED16isanextensionofGEDpredictoranditisdesignedtomakeexisting
GEDresolutionandmodalityindependent.TheRIGED16specifiestheoptimalthresholdvaluefor
predictionof16bitdepthimageswithminimumentropyforresidualimage.Thethresholdlevelfor
higherbitdepthmedicalimagescanbeupto216.Thealgorithmofthismodelisgivenas:

Z NW W NN N
V
= − + −  (2)

Z WW W NW N
H
= − + − 

if Z Z thenP W
V H X
− > =T, 

else if Z Z T P N
V H X
− <− =� �,� 

else P N W NW
X
= + − 

where T Threshold and Z and Z are Vertical and Horizonta
V H

= ll Gradients 

T Common threshold for every modality and resolution o= 768 ff medical image( ) 
T specifically for resolution= ( ) ×2 512 256 2569 

T specifically for resolution= ( ) ×2 1024 512 51210 

AfterRIGED16prediction,theresidualimagesaredividedintodifferentblocksofvaryingsizes
andhavingerrorprobabilities indifferent imageregions.Thewhole image isdivided intoblock
sizerangingfrom4×4to128×128.Onthebasisofaverageabsoluteerror,blocksaregroupedand
encodedseparatelythrougharithmeticencoder.Further,theweightedaverageofBPPiscalculated
foreveryblocksize.TheblocksizewithminimumBPPvalueisselected.Todecompresstheimages,
overheadinformationiscomputedwhichgivesthesideinformationofblocks.Thisinformationis
also considered forBPPcalculationof encoded residual image.Theblockdiagramofproposed
approachisshowninFigure4.Theworkingofproposedapproachisasfollows.Animagesliceis
takenfromtheimagedatasetandtheimageresolutionisidentified.Thepixelpredictionisdonein
rasterscanorderfromcausaltemplateofanimage.TheRIGED16isappliedtotheimageslicethat
producespredictedimageZ(x,y).Afterprediction,residualimageorapredictionerrorimageE
(x,y)isobtainedbysubtractingZ(x,y)fromoriginalimageY(x,y).Theresidualimageisfurther
dividedintooptimalsizeblocksandblocksaregroupedonthebasisoftheaverageabsoluteerror.
Eachsegmentedgroupofresidualimageisentropyencodedanditisdonethrougharithmeticencoder.
Toachievethelosslesscompressionofimages,theabovementionedprocedureisrepeatedforeach
frameofimageandresultedinefficientcompressionintermsofBPP.
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4. PERFoRMANCE PARAMETERS

Theefficiencyofpixelvaluepredictorisinverselyrelatedtotheentropyofthepredictionerrorimage.
Theentropydescribesthenumberofbitsusedtorepresenttheinformationofanimage(Shridevi&
Vijaykumar,2012).Thenumberofslicesinimagesequenceistakenintoconsiderationtocalculatethe
weightedaverageofentropy.Theentropyofanimageandweightedaverageofentropyforcomplete
data-setiscalculatedas:

H X p x p x
x Y

( ) =− ( ) ( )∑� log
ε

 (3)

EntropyweightedAverage=
N

M m n S H X

m n S=
∑

× × ( )





× ×1

� � �

� �
 (4)

Where, p x( ) isprobabilityofasymbolX.

M=Totalnumberofdatasetstobetested.
m,n=Imageresolution.
S=Numberofimageslicesineachdatasequence.

Thedatasizeofcompressed imagedependson theBPPalongwith resolutionofan image.
CompressionRatio (CR)andBPPare inversely related toeachother (Avudaiappanetal.,2017;
Puthooranetal.,2013).

BPP= Bit depth of image
CR

 (5)

BPPweightedAverage=
N

M m n S BPP

m n S=
∑

× × 





× ×1

� � �

� �
 (6)

5. RESULTS ANd dISCUSSIoN

Thissectiondemonstratessimulationresultsofproposedapproachusingtwotestsetproblems.The
performanceoftheproposedtechniqueisevaluatedusingimagedatasetsTestSet-1andTestSet-2.
ThedescriptionoftheseimagedatasetsisgiveninTables1-2.MATLABsimulationenvironment
isusedtoimplementtheproposedapproach.Theproposedalgorithmisalsoworkwiththesame
performance for12bitdeep images.The simulation resultsofproposedapproacharecompared
withCALIC, JPEG-LSandother losslesscompression techniques (Lucaset al., 2017;3D-Calic
implementation,2017;JPEG2000codec,2017).
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5.1 Performance Evaluation in RIGEd16 Algorithm of Proposed Technique
Inthissubsection,proposedalgorithmisanalyzedforcompressionperformanceofvolumetricimages
havingdifferentmodalitiesandresolutions.Theproposedapproachworkswellforgrayscaleimages
ofeverytypeofmodality.Initially,thecolouredimagescanbeconvertedintogreyscaleimagesbefore
prediction.Anappropriatethresholdvalueisselectedforpredictionthatcanprovidetheminimum
entropyvalueforallresidualimages.OurproposedalgorithmRIGED16isdesignedtomakethe

Figure 4. Proposed BAAE employing RIGED16 for lossless compression
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GEDalgorithmindependentofmodalityandresolution.TheGEDistestedfordifferentthresholds
onthescaleof2n.For16bitdepthimages,valueof‘n’canbeupto16.Theentropyvaluesobtained
forresidualimagesarepredictedatdifferentthresholdsandthesevaluesarementionedinTable3.
Theweightedaverageisevaluatedforcompletedatasetonthebasisofnumberofslices.

Fromresults,itisobservedthatthereisasignificantvariationonentropyvaluefordifferent
thresholdlevelsonthebasisof2n.Thechangeinentropyvalueisquantifiedas6.71to6.33whenT-
levelrangesfrom23to29.Whereas,thereisminorvariationinthevalueofentropywhenthreshold
valuerangingfrom29to210.After210,entropyagainstartsincreasingasshowninFigure5.The
T-levelcanbeupto216for16bitdepthimagedataset,entropyvalueiscalculatedupto216,butit
keepsonincreasingafter210.Hence,T-level210canbeconsideredasanoptimalvalueproviding
minimumentropy.

AstheminimumentropyisobtainedbetweentherangeofT-levels29to210.Further,therange
ofT-levelsarecheckedbetween29and210withthedifferenceof128(i.e.,640,768,896)foroptimal
universalT-levelasshowninFigure6.Thereissignificantvariationinentropywhenthresholdvalue
changingfrom512to768andafter768,entropyagainstartsincreasing.Hence,768thresholdvalue
isconsideredasathresholdvaluethatcanprovideminimumentropyvaluefor16bitdepthimages.
Forlowerandhigherthresholds,theentropyvalueishighbutformidthresholdvalueslike512to
1024,entropyvalueshouldbeminimized.Afteranalysisofthresholdvalueforminimumentropy,it
isnotedthatthresholdvalue(768)provideslessentropyvaluei.e.6.323.

Theweightedaverageentropyevaluationisdoneatspecificresolutionof256×256and512×512.
Thedifferentthresholdvaluesareconsideredtoobtainoptimalresults.Theresultsofthisparameter
aregiveninFigure7.Theimageswithresolutionof256×256,theminimumvalueofentropyis
obtainedat29.Forhigherresolutionimagesi.e.imagesof512×512,210representminimumentropy.
Thereisslightvariationinentropyvaluefrom6.42to6.24whenT-levelsvaryfrom29to210but
significantchangeisobservedforhigherT-levelsi.e.210.

Table 3. Entropy obtained by GED predictor at different threshold values on the basis of 2n

Medical 
Image 

Database

Original 
Entropy

Entropy Values Obtained at 2n Threshold Levels of 2D GED

8 16 32 48 64 128 256 512 1024 2048

MR_1 8.33 5.86 5.80 5.72 5.67 5.64 5.59 5.58 5.55 5.54 5.59

MR_2 6.99 5.09 5.06 5.02 4.99 4.98 4.95 4.94 4.93 4.92 4.95

MR_3 8.22 6.74 6.75 6.74 6.73 6.72 6.69 6.68 6.67 6.68 6.68

MR_4 7.59 5.36 5.33 5.28 5.25 5.23 5.21 5.20 5.20 5.20 5.20

MR_5 7.63 4.80 4.73 4.64 4.59 4.56 4.48 4.46 4.44 4.43 4.46

MR_6 7.50 6.15 6.15 6.13 6.12 6.11 6.07 6.05 6.03 6.04 6.05

MR_7 8.11 6.98 6.97 6.96 6.95 6.94 6.93 6.92 6.91 6.93 6.95

CT 8.20 7.64 7.53 7.46 7.42 7.37 7.22 7.20 7.17 7.14 7.29

CT_Lung_
R13 9.12 6.45 6.32 6.26 6.21 6.17 6.12 6.10 6.09 6.08 6.09

CT-Lung_
R4 7.96 7.51 7.43 7.24 7.20 7.18 7.06 7.04 7.03 7.01 7.04

MR_Neuro 7.11 6.86 6.73 6.68 6.58 6.53 6.46 6.45 6.44 6.45 6.46

MR_Breast 8.76 7.67 7.59 7.57 7.34 7.26 7.23 7.21 7.17 7.16 7.18

Weighted
Average 8.49 6.71 6.62 6.54 6.48 6.45 6.39 6.36 6.33 6.32 6.36
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5.2 Performance Evaluation of BAAE
ThegroupingofblocksisdonebeforeArithmeticencodingandBPPvaluesarecalculatedfordifferent
blocksizes.TheweightedaverageofBPPiscalculatedfordifferentblocksizespresentedinTable4.
Theoverheaddependsontheblocksize,BPPvaluesofoverheadisalsotabulated.Itisrevealedthat
thecompressionperformancehasasignificantvariationfordifferentnumberofblocksizes.After
experimentalanalysisondifferentblocksizes,thebestblocksizeisselectedwhichfinallyprovides
theminimumBPPvalue.TheBPPvaluewithoverheadforcompressedimageis5.60attheblocksize
4×4.After4×4,theBPPvaluestartsdecreasingandreachesto5.07forablocksizeof8×8.Again,
BPPvaluesstartsincreasingafter8×8becauseoverheaddecreaseswithincreasingnumberofblock
sizesandthecodelengthofcompressedimageisincreases.Itisfoundthatwhencodelengthofthe
compressedresidualimageandoverheadinformationoftheblockiscombinedthenthelowestBPP
valueisobtainedforablocksizeof8×8.TheimagedatasetsincludeCT-Lung,MR-Neuro,MR-
Breastandotherhumanpartsofdifferentmodalitiesandresolution.But,proposedapproachprovides
sameresultsforBPP.Hence,itisstatedthatproposedBAAEapproachwithRIGED16givesoptimal
performanceintermsofBPP.

AcomparisonwithandwithoutoverheadintermsofBPPisshowninFigure8.Itisseenthat
theminimumvalueofBPPisobtainedforthesmallestblocksizei.e.4×4,whenBPPoverheadis
not taken intoconsideration.TheBPPvalue increasesforhigherblocks(more than4×4)due to
increaseincode-lengthofresidualimage.TheoverheadBPPismaximizedforsmallerblocksizei.e.
4×4,anditdecreaseswithhighernumberofblocksizes(morethan4×4)asshowninFigure8.To

Figure 5. Entropy obtained by 2D predictor at 2n t-levels

Figure 6. Entropy obtained by 2D predictor at different threshold values in difference of 128
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takeoverhead(includingcode-length)intoconsideration,minimumBPPvalueisobtainedforblock
size8×8.Theblocksizemorethan8×8,codelengthincreasesandoverheaddecreases,resultingin
minimumvalueofBPPthatcanbeobtainedfortheblocksize8×8.

It is clear that there is significant differencebetweenBPPvalues at 4×4,with andwithout
overhead.After8×8,BPPvaluesobtainedwithandwithoutoverheadarenearlyequalandforhigher

Figure 7. Entropy obtained by GED at 2n threshold values for 256×256 and 512×512 resolution

Table 4. Compression results (in BPP) of proposed technique for varying number of block size with overhead

Testset BPP values for different Block Size (BPP overhead)

4×4 8×8 16×16 32×32 64×64 128×128

MR_1 4.22(0.2343) 4.08(0.2343) 4.10(0.0548) 4.21(0.0126) 4.36(0.0029) 4.60(0.0006)

MR_2 5.13(0.2343) 5.05(0.2343) 5.06(0.0546) 5.14(0.0126) 5.25(0.0029) 5.40(0.0006)

MR_3 5.97(0.2343) 6.09(0.2343) 6.12(0.0546) 6.27(0.0126) 6.41(0.0029) 6.67(0.0006)

MR_4 4.76(0.2343) 4.68(0.2343) 4.72(0.0546) 4.77(0.0126) 4.86(0.0029) 4.97(0.0006)

MR_5 4.24(0.2343) 4.16(0.2343) 4.18(0.0546) 4.26(0.0126) 4.39(0.0029) 4.54(0.0006)

MR_6 4.90(0.2343) 4.50(0.2343) 4.68(0.0546) 4.76(0.0126) 4.80(0.0029) 4.98(0.0006)

MR_7 4.48(0.2343) 4.46(0.2343) 4.47(0.0546) 4.51(0.0126) 4.54(0.0029) 4.67(0.0006)

CT 4.84(0.2343) 4.82(0.2343) 4.94(0.0546) 4.96(0.0126) 4.98(0.0029) 5.39(0.0006)

CT_Lung_
R13

6.10(0.6837) 5.40(0.1555) 5.42(0.0335) 5.95(0.0074) 6.00(0.0016) 6.05(0.0003)

CT-Lung_
R4

6.55(0.9411) 5.63(0.2343) 5.63(0.0546) 6.27(0.0126) 6.37(0.0029) 6.55(0.0006)

MR_Neuro 5.61(0.5980) 5.08(0.1346) 5.10(0.0300) 5.52(0.0067) 5.75(0.0016) 5.93(0.0003)

MR_Breast 4.77(0.9880) 3.90(0.2343) 3.93(0.0546) 4.14(0.0126) 4.36(0.0029) 4.58(0.0006)

Weighted
Average

5.60(0.5956) 5.07(0.2012) 5.11(0.0461) 5.47(0.0105) 5.57(0.0024) 5.77(0.0005)
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blocksizeafter16×16,BPPvaluesareequalforbothcases,becausetheoverheadisverylessresulting
innoeffectofoverhead.

5.3 Comparison of the Proposed Technique with the Lossless 
Compression Standards CALIC and JPEG-LS
Table 5 presents the comparative analysis of compression performance in terms of BPP for the
compressed images. BPP values obtained from proposed technique are compared with simple
RIGED16 + Arithmetic encoding (without block segmentation). This comparison is made to
demonstratetheimportanceofoptimalthresholdselectionforpredictionandthechoiceofoptimal
blocksizefor2Dblockpartitioningofresidualimagesbeforeencoding.Fromexperimentationresults,
itisobservedthattheproposedtechniqueperformsbetterintermsofcompressionratiocompared
toRIGED16+ArithmeticEncoding.TheweightedaverageofBPPusingRIGED16+Arithmetic
is5.93,whereas,theproposedapproachobtainsBPPvalues5.02.When,residualimageisdirectly
encodedbyArithmeticencoder(withoutblockpartitioning),thenalargervalueofBPPisobtained
ascomparedtoblockpartitioningimage.TheproposedapproachoutperformsthansimpleRIGED16
+Arithmeticencoding(withoutblocking)by17.48%intermsofBPPvalues.

Table6presents the comparative resultsofproposedapproachandother existing technique
likeCALIC,JPEG-LS,JPEG-2000.Further,3Dsignal,3DextensionofJPEG2000(JP3D)(JPEG
2000codec,2017),M-CALIC,3DCALIC(3D-Calicimplementation,2017)andHighEfficiency
VideoCoding(HEVC)(ITU-TandISO/IEC,2013)arealsousedforcomparison.Itisobservedthat
proposedapproachprovidesmoreefficientresultsascomparedtoothertechniques.However,the
resultsarevalidatedbytheresultsobtainedonthebenchmarkdataset.

TheproposedRIGED16+BAAEapproachachieves5.29BPPvalue,whereas2D-CALICand
JPEG-LSapproachesachieve5.39and5.49BPPvaluesrespectively.TheBPPvaluesobtainbyother
losslessimagecodingtechniqueslikeJPEG2000,JP3D,M-CALIC,3D-CALICandHEVCare5.55,
5.51,5.75,5.58,5.48and5.36respectively.Hence,theproposedapproachobtainsminimumBPP
valueamongallotherapproaches.Theproposedapproachisalsocomparedwithmostrecentand
highlyefficient3D-MRPalgorithm.Itisobservedthat2Dcompressionprocessofproposedapproach
issimpleandefficientandgivescomparableresultsascomparedto3D-MRP-13.Thepercentage
improvementofproposedapproachoverotherlosslesscodingtechniquesisgiveninTable7.

Theproposedmethodachievesbettercompressionperformanceandoutperformsthanstandard
CALIC and JPEG-LS by 1.90% and 3.65% respectively in terms of BPP value. The average

Figure 8. BPP obtained by proposed technique for different block sizes, with and without overhead
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compressiongainof4.99%and4.18%isachievedoverJPEG2000andoverits3Dextension(JP3D).
OncomparingwithremainingcodingtechniquesM–CALIC,3D-CALICandHEVC,percentage
improvementof proposedRIGED16+BAAE technique is 8.64%,5.52%and3.47% respectively.
Whencomparedwith3D-MRPthenthepercentagedifferenceofproposedRIGED16+BAAEand
3D-MRPis1.65%.Theimprovementincompressionperformanceisduetotheselectionofoptimal
thresholdpredictionvalueforhigherinter-pixelredundancyremovalandoptimalblocksizeselection
forremovingcodingredundancyintheproposedtechnique.

Table 5. Compression performance results (in BPP) using proposed technique and simple RIGED16+arithmetic encoding for 
both the test sets given in Section 2

Testset Compressed Image Size (BPP) %Improvement of 
Proposed Method

RIGED16+ Arithmetic Encoding 
(Without Blocking)

Proposed Approach Over 
RIGED16+Arithmetic 

Encoding

MR_1 5.04 4.08 23.45

MR_2 5.60 5.05 10.92

MR_3 6.72 6.09 10.29

MR_4 5.22 4.68 11.60

MR_5 4.76 4.16 14.27

MR_6 4.73 4.50 5.13

MR_7 4.79 4.46 7.21

CT 5.41 4.82 3.91

CT_Lung 6.17 5.40 14.20

CT-Lung 6.93 5.63 23.16

MR_Neuro 6.36 5.08 25.31

MR_Breast 6.62 3.90 69.53

WeightedAverage 5.93 5.02 17.48

Table 6. Comparison of compression performance (in BPP) using proposed technique and existing compression methods for 
Test Set I

Test-set Compressed Image Size (BPP)

CALIC JPEG-LS JPEG 
2000

JP3D M-CALIC 3D 
CALIC

HEVC 3D-MRP Proposed 
Approach

CT_Lung_13 5.43 5.65 5.53 5.62 6.09 5.72 5.83 5.31 5.40

CT_Lung_4 5.81 5.80 6.01 5.96 5.96 5.89 5.74 5.99 5.63

MR_Neuro 5.11 5.29 5.36 5.16 5.38 5.34 5.06 5.04 5.08

MR_Breast 4.11 3.93 4.16 4.07 4.28 4.22 3.94 4.00 3.90

Weighted 
Average

5.39 5.49 5.55 5.51 5.75 5.58 5.48 5.36 5.29
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6. CoNCLUSIoN

Thispaperpresentsanewimagecompressionalgorithmbasedonthresholdselectionforpredictionand
choiceofoptimalblocksizeofresidualimageforencoding.Theproposedapproachisdevelopedfor
efficientlosslesscompressionofvolumetricimagesusingRIGED16.Further,blockbasedarithmetic
encodingisalsousedtoprocessvolumetricimagedataindependently.Theeffectivenessofproposed
approachisverifiedusingstandardtest-setanddatasetcollectedfromlocalhospitals.Thisapproach
provideshighercompressionefficiencyascomparedtostandardCALICandJPEG-LStechniques.
Theproposedapproachachievespercentageimprovementof1.90%,3.65%,3.47%and1.65%over
CALIC,JPEG-LS,HEVCand3D-MRPtechniquesrespectively.

Table 7. Percentage improvement by proposed technique over existing compression methods for Test Set I

Test-set %Improvement of Proposed Approach

2D-CALIC JPEG-
LS

JPEG 
2000

JP3D M-CALIC 3D 
-CALIC

HEVC 3D-MRP

CT_Lung_13 0.59 4.63 2.44 4.05 12.84 6.01 8.01 -1.72

CT_Lung_4 3.2 2.98 6.74 5.98 6 4.7 1.98 6.37

MR_Neuro 0.73 4.19 5.62 1.59 5.94 5.11 -0.29 -0.78

MR_Breast 5.24 0.65 6.57 4.19 9.77 8.21 0.97 2.53

Weighted 
Average

1.90 3.65 4.99 4.18 8.64 5.52 3.47 1.65
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